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Abstract— Optical Coherence Tomography (OCT) is a fiber
— optic imaging modality which produces high resolution
tomographic images of the coronary lumen and outer vessel
wall. While OCT images present morphological information in
highly resolved detail, the characterization of the various
plaque components relies on trained readers. The aim of this
study is to extract a set of features in grayscale OCT images
and to use them in order to classify the atherosclerotic plaque.
Intensity and texture based features we used in order to classify
the plaque in four plaque types: Calcium (C), Lipid Pool (LP),
Fibrous Tissue (FT) and Mixed Plaque (MP). 50 OCT
annotated images from 3 patients were used to train and test
the proposed plaque characterization method. Using a Random
Forests classifier overall classification accuracy 80.41% is
reported.

I. INTRODUCTION

A therosclerosis [1], [2] is a disease of arteries which is
associated with lipid deposition and plaque formation.
The various components of atherosclerotic plaques are
responsible for different kind of outcomes [3] of the disease.
Thus, it is very important to identify and characterize the
atherosclerotic plaque components.

Intracoronary Optical Coherence Tomography (OCT) [4],
[5] is a new imaging modality which provides high
resolution (10 to 15 um) cross sectional images of the
coronary arteries. OCT is rapidly becoming the method of
choice in assessing plaque vulnerability [6]. OCT images
provide in high resolution, morphological information and
experts by examining these images can detect various plaque
components. However, manual plaque characterization [7] is
rather unreliable due to the lack of well trained OCT readers.
Thus a computer - aided method which characterizes the
atherosclerotic plaque in OCT images would be of high
clinical importance.

In OCT images calcium appears as a low back-scattering
heterogeneous region and is fully bordered as it is shown in
Fig. 1 (a). Lipid pools are heterogeneous back-scattering
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plaques [8] and in contrary to caclific regions, lipid pools
appear diffusely bordered (Fig. 1 (b)). Fibrous tissue [8]
appears as high back-scattering homogeneous areas (Fig. 1
(c)). Finally, mixed plaques appear as heterogencous back-
scattering regions similar to lipid pools and fibrous tissue

(Fig. 1 (¢)).

(©) (@
Fig. 1: Plaque appearance in OCT images. (a) Lipid pool appearance, (b)
Calcium appearance, (c) Fibrous tissue appearance, (d) Mixed plaque
appearance.

Xu et al. [9] used histological examinations and correlated
the backscattering (44, ) and attenuation (2, ) coefficients

with calcium (C), lipid pool (LP) and fibrous tissue (FT). In
a similar attempt, van Soest et al. [10] correlated the
attenuation (4, ) coefficient with healthy vessel wall,

intimal thickening,

infiltration.

In this paper a plaque characterization method based on
grayscale OCT images is proposed. The method can be
described in two steps:

i. A set of intensity [11] and texture based features [12],
[13] is extracted from the pixels that belong to the
plaque regions.

ii.  Each pixel is classified to one of the four plaque types:
calcium (C), lipid pool (LP), fibrous tissue (FT) and
mixed plaque (MP).

Currently, a plaque characterization method that uses only
grayscale OCT images and classifies the plaque to four

lipid pool (LP) and macrophage
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time. Using the Random Forests classifier the methods
overall classification accuracy is 80.41%.

II. MATERIALS AND METHODS

A. Feature extraction

For each pixel of the plaque regions, for a 11x11
neighborhood, a set of features is extracted. The feature set
includes texture and intensity based features. The texture
features which are calculated in the proposed method are the
Co-occurrence Matrices [13] and the Local Binary Patterns
(LBP) [12]. The entropy and the mean value [11] of the
neighborhood are the intensity features that are calculated.
The texture and intensity features are described bellow in
detail.

Co-occurrence Matrix

The Co-occurrence Matrix is computed over all the pixels
of an image /. For a pixel of an image/ with coordinates
i, j, the co-occurrence value is defined as the distribution of

co-occurrence values at a given distance (DX, Dy) from this

pixel. For an image [(i,j):r 1<i<k, 1<;<[, with
dimensions kxl, the co-occurrence matrix
Cy =Cp p, (i.j) is defined as:
LG if I(nm)=iand I(n+D, ,m+D, )=j
CM = Zz . ! s
~~=10, otherwise )
where (DX,D_V) are defined as:
D, =D-cos(0), D,=D-sin(0), )

9:[00,450,900,13501 and D is the distance between the
pixels. In our experiments we tested various distance values
(D={2,35}) and we chose D=2 to reduce the

computational time for the computation of the co-occurrence
matrix. The dimension of the co-occurrence matrix is Lx L,
where L is the number of gray-levels of the image /. From
the co-occurrence matrix C,, =C,, ,, ,(i,j) for each angle

2] :[00,450,900,1350} we compute the following measures

[11]:
Contrast:
0 L 2
fconlmsl = ZZ(I_]) CM . (3)
i=1 j=I
Correlation:
L& (i—p)(j—u;)
f;irre ation = C ——_— > (4)
i = 2.2 NIRRT
where
L L L L ) L L )
H; :ZZiCM’ H; :ZZjCM’ g, :ZZCM(i_ﬂi ), (5)
i=1 j=1 i=1 j=1 j=1 i=1

L L
ando} =3 > Cy(j=#;).

j=1 i=1

Energy:
orere =iiq/- (6)
Homogeneity: o
L& C
Fromogenci =;;1+|f_ Tk (7)

Thus, from the co-occurrence matrix 16 features can be
computed; four features for each angle

9:[00,450,900,1350].

Local Binary Patterns

Local Binary Patterns [12], [14] (LBP) can determine
uniform texture patterns into circular neighborhoods. Local
Binary Patterns are based on a circular symmetric
neighborhood of P members of a circle with radius R . We

used a well known LBP the uniform rotation LBP, LBP,’
[15] which is defined as:

P-1
, s -g.), ifU(LBP,,)<2
LBP;’ZZ _ pzz(:) (gp g¢) f ( P,R)

P+1,

) (8)

otherwise
where g is the intensity of the center pixel, g, are the

intensities of the circularly symmetric neighborhood and
U(LBP, ) is defined as:

U(LBP, ;) =|s(gp—8.)=5(g — &)+
©)
Yls(g,—g.)-s(g,,~2.)
p=1
. . Lx>0
and the function s(x) is defined as:s(x)= 0 x<0" The
, X

output of the LBP)y’ is a set of discrete values from
0,1, 2, .., P+1. In order to compute the uniform rotation

LBP we use radius R=1 and P =8 members.

Entropy
The entropy [11] E, of an image / is defined as:

L-1 1
E =3 plog, [—] (10)
i=0 i
where: p, = # pixels withintensityi 0<i<L-1.
total #of pixels
Mean value

The mean value [11] M of a pixel (i,;) is defined, over a
neighborhood of the pixel (7, ), as:

1
Soew == 2, 1(0.9) (11)
K(a,q)eN

where: K is the number of pixels in the N neighborhood
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and (o,q) are the positions of the pixels neighborhood N .

B. Classification

Random Forests [16] is an ensemble classifier. It consists
of many tree structured classifiers. Each tree of the forest
cast a unit vote for the most popular class at input x. The
predicted class is the one that most of the decision trees
“vote”. For the construction of the tree a subset of instances
is randomly selected from the dataset. Only a subset f of

the total set of features F is employed as the candidate
splitters of the node of the tree. The number of the selected
features is held constant during the forest growing. The
number of the selected features plays an important role on
the performance of the random forests algorithm since
reducing f reduces both the correlation and the strength
and increasing it increases both. However, the choice of the
value of f is usually made either by a greedy search that

tests every possible value to choose the optimal one, either
by choosing a priori one of the values commonly used in the

literature. These values are: sqr(F ),

2sqrt(F ), log,(F).

1
—sqri(F),
261()

III. DATASET

To be able to train and test the proposed plaque
characterization method we used 50 OCT images from 3
patients. An expert annotated these 50 frames as containing:
C, LP, FT and MP. The data were provided by the San
Giovanni Hospital of Rome. The images were acquired
using a Frequency Domain (FD - OCT) OCT equipment
(LightLab Imaging, Inc).

In these 50 frames, 46 frames were used to train and test
the proposed method and the rest 4 were used as application
examples. From the 45 OCT images: 8 regions were
annotated as containing C, 35 as containing LP, 3 as
containing FT and 3 as containing MP. In order to create a
balanced dataset (SET},,...)» 1400 pixels were randomly

selected from each one of the: C, LP, FT and MP plaque
regions.

IV. RESULTS

A. Classification results

We performed 10 — fold cross validation for the balanced
dataset ( SET, ;... )- Several numbers of trees and features

were tested in order to find the best parameters of the
Random Forests classifier. The best results are obtained
using 140 trees and 10 features; an overall accuracy of
80.41% is achieved as it is shown in Table 1. Additionally
the confusion matrix when applying 10-fold cross validation
method on the SET, it is shown in Table II.

Ballanced

TABLE I: ACCURACY OF THE RF CLASSIFIER USING DIFFERENT NUMBER OF
TREES AND FEATURES.

Accuracy (%)

#features
#trees 6 8 10 12 14
100 80.02 80.11 80.21 79.96 80.02
120 80.2 80.18 80.11 79.82 79.93
140 80.21 80.25 80.41 79.93 79.95
160 80.11 80.11 80.32 79.98 80.07
180 80.29 80.29 80.40 80.05 80.04

B. Application examples

The results of the proposed method applied on four
different OCT frames, are shown in Fig 2.

MP detection (light green)
(a) (b)
Fig. 1: The results of the proposed plaque characterization method through
an application example applied to four OCT frames. (a) The initial frames
with the expert’s annotations, (b) The results of the proposed method over
the initial frames. LP (red): lipid pool, C (white): calcium, FT (green):
fibrous tissue, MP (light green): mixed plaque.

Initial frame with MP annotation
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TABLE II: THE CONFUSION MATRIX WHEN APPLYING 10-FOLD CROSS
VALIDATION METHOD ON THE SETB"HMCM USING RANDOM FORESTS
CLASSIFIER (140 TREES AND 10 FEATURES).

Confusion Matrix

C LP FT MP Total

C 1153 52 71 124 1400
LpP 127 1081 17 175 1400
FT 59 8 1302 31 1400
MP 175 195 63 967 1400

V. DISCUSSION

In this work, a plaque characterization method, for OCT
images, based on texture and intensity features is presented.
The method extracts a set of features and characterizes the
different atherosclerotic plaque formations. Using only the
OCT grayscale images the plaque is classified to four plaque
components namely: C, LP, FT and MP. A Random Forests
classifier is employed and the overall classification accuracy
is 80.41 %. Additionally the classification accuracy of C,
LP, FT and MP plaque types is 82.35%, 77.21%, 93% and
69.07%, respectively.

The methods described in the literature [9], [10] attempted
to correlate the backscattering (4, ) and attenuation ()

coefficients with various plaque formations. Both methods
analyze the optical signal of the OCT equipment. One of the
main difficulties of these methods is the distinction between
LP and C plaque types [10].

Currently a different approach is presented that addresses
the above limitation. The method uses for the first time only
the grayscale OCT images in order to characterize the
atherosclerotic plaque. The plaque is characterized to four
plaque types instead of three [9], [10]. In addition, the
classification accuracy of the method in classifying LP and
C plaque types is 77.21% and 82.35%, respectively.

Since manual plaque characterization is rather unreliable
due to the lack of well trained OCT readers, the proposed
plaque characterization method can be used for clinical
purposes. In addition, the accurate detection of the C plaque
(82.35%) enhances the clinical value of the proposed method
since C is a plaque type with high clinical interest [17], [18].

VI. CONCLUSIONS

Atherosclerotic plaque characterization is crucial for early
diagnosis and treatment of Coronary Artery Disease (CAD).
We presented a computer aided method for characterizing
the atherosclerotic plaque in OCT images. The method is
based on OCT grayscale images and an overall accuracy
80.41% is achieved. Further improvements will focus on the
employment of additional features, in order to enhance the
accuracy of the proposed method and of a border detection
algorithm, in order to present a fully automated plaque
characterization method.
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